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Abstract

The industrial application of Deep Reinforcement Learning (DRL) is
frequently slowed down due to an inability to generate the experience
required to train the models. Collecting data often involves considerable
time and financial outlays that can make it unaffordable. Fortunately, de-
vices like robots can be trained with synthetic experience through virtual
environments. With this approach, the problems of sample efficiency with
artificial agents are mitigated, but another issue arises: the need to effi-
ciently transfer the synthetic experience into the real world (sim-to-real).
This paper analyzes the robustness of a state-of-the-art sim-to-real
technique known as Progressive Neural Networks (PNNs) and studies
how adding diversity to the synthetic experience can complement it.
To better understand the drivers that lead to a lack of robustness,
the robotic agent is still tested in a virtual environment to ensure
total control on the divergence between the simulated and real models.
The results show that a PNN-like agent exhibits a substantial decrease in
its robustness at the beginning of the real training phase. Randomizing
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specific variables during simulation-based training significantly mitigates
this issue. The average increase in the model’s accuracy is around 25%
when diversity is introduced in the training process. This improvement
can translate into a decrease in the number of real experiences re-
quired for the same final robust performance. Notwithstanding, adding
real experience to agents should still be beneficial, regardless of the
quality of the virtual experience fed to the agent. The source code
is available at: https://gitlab.com/comillas-cic/sim-to-real/pnn-dr.git

Keywords: Reinforcement Learning, Deep Learning, Sim-To-Real, Domain
Randomization, Sample Efficiency, Robotics

1 Introduction

As stated by Sutton and Barto [1], Reinforcement Learning (RL) is an
“approach that is much more focused on goal-directed learning from interaction
than are other approaches to machine learning. [...] The idea that we learn
by interacting with our environment is probably the first to occur to us
when we think about the nature of learning. [...] Exercising this connection
(between the learner and the environment) produces a wealth of information
about cause and effect, about the consequences of actions, and about what
to do in order to achieve goals.” RL and its deep-learning variant (DRL) are
used in many disciplines because of their ability to tackle complex problems
that involve sequential decision-making. Unlike supervised and unsupervised
learning, which require previously collected (and labeled in the former case)
datasets for training, RL learns by trial and error from the samples generated
through the interaction between an intelligent agent and the environment. The
general formulation of an RL problem is shown in Figure 1. In each step, the
agent, which is the decision-maker, observes the current environment, state and
the reward obtained and, following a policy, decides which action to perform
next. The agent’s final goal is to maximize the cumulative reward, named

expected return [1].


https://gitlab.com/comillas-cic/sim-to-real/pnn-dr.git
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Figure 1: Interaction between the agent and the environment in an RL setting.

Robotic arms typically operate in a predefined and repetitive manner.
Despite the large amount of experience still required, RL enables them to
deal with stochasticity [2]. Generating that experience through trial and error
in a physical setup could lead to collisions and result in structural damage
to expensive assets. Modelling and training in a virtual environment with a
realistic physics engine enables the agent to explore and exploit sub-optimal
policies that could have undesirable consequences in a real scenario. This
approach mitigates the low sample efficiency problem of DRL methods [3], but
creates a new issue: how to efficiently transfer the synthetic experience to the
real world. This is known as the sim-to-real problem.

To address this issue, we have drawn on the work about Progressive
Neural Networks (PNNs) presented by Rusu et al. [4]. In this architecture,
a single heavy neural model is first trained with synthetic experience (the
virtual column) and then it is augmented via lateral connections with as many
lightweight neural models as required to tackle real-world problems (the real
columns). These interface models with the physical world are trained using
real experience enhanced by the previous insights obtained from the virtual
environment. We regard this approach as extremely promising for two main
reasons: 1) it enables reliable representations of actual situations that can

be generated with relatively few real experience samples; and 2) it makes it
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possible to use the same set of synthetic data (i.e., virtual experience), to help
a single agent master several real tasks.

To unlock the full potential of PNNs, thoroughly training the agent in
the virtual environment is crucial. This paper attempts to determine the
robustness of an RL agent right after the virtual training phase (i.e., before
fine-tuning the weights of the real columns with real experience). In our
rationale, an agent that exhibits high robustness to discrepancies between the
virtual training environment and a modified version of it (i.e., sim-to-sim)
should require significantly fewer real experiences at this stage than an agent
highly sensitive to this effect. In particular, we analyze the effect on robustness
of introducing randomness in a subset of the virtual environment parameters
during training [5], and compare them with the fixed virtual model approach
proposed in the seminal PNNs paper [4].

The main contributions of our work are: 1) an original benchmark that
combines virtual and real experiences to measure the robustness of any
artificial agent; and 2) the quantification of the robustness gain achieved in
PNNs with Domain Randomization (DR), which can be interpreted as an
efficiency increment in the sim-to-real process. These contributions pave the
way for the hybridization of PNNs and DR that —to the top of our knowledge—
is a topic yet to be explored.

The rest of the paper is structured as follows. Section 2 briefly summarizes
several basic reinforcement learning concepts that readers familiar with the
topic can safely skip. Section 3 provides an overview of the state-of-the-art
of DRL in robotics, techniques to address the differences within real and
simulated worlds, and RL robustness analysis techniques. Section 4 describes
the method, whose results are presented and discussed in Section 5. Finally,

conclusions and future work are put forward in Section 6.
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2 Preliminaries

Reinforcement learning is an area of Machine Learning (ML), in which an agent
learns from the feedback given by the environment during their interactions.
The elements that define an RL problem are the environment’s state, which
the agent perceives as an observation S; € S, where S is the set of states;
the action the agent performs A; € A(S;), where A(S;) is the set of actions
available in S;; and the reward Ryy1 € R C IR, which is the result of the agent’s
decision and the environment’s dynamics (Figure 1). The agent acts following
a policy m(a | s) that seeks to maximize the reward Gy = > po o V*Rijpi1
received over time. v € [0,1] is the discount rate that modulates the effect of
future rewards in the present moment, where k denotes the number of time
steps, and t refers to the current time step.

RL problems can be formulated as a Markov Decision Process (MDP) [6]
or a Partially Observable Markov Decision Process (POMDP) [7]. However,
since the mathematical tools available to solve POMDPs do not usually scale
well, these problems are converted to an MDP by means of a transformation
function that derives the environment’s state from observations [1]. A finite
MDP is a 5-tuple (S, A, P, R,~) that consists of a finite set of states S, a finite
set of actions A, a state transition probability matrix P, a reward function R,
and a discount factor ~.

RL model-free algorithms, where the agent only learns the policy that
maximizes the reward by trial and error without prior information about the
model dynamics or environment transitions, can be classified into two main
groups: value-based and policy-based methods [3, 8]. The algorithm employed
in this paper belongs to the latter category. Policy-based methods optimize the
parameterized policy mg(a | s) = Pra | s; 0] by either using gradient ascent or

maximizing local approximations on the expected return. While value-based
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strategies can be trained off-policy, optimization in policy-based algorithms is
usually performed on-policy, using experience information obtained with the
latest version of the policy.

In the Asynchronous Actor-Critic (A2C) [9] and Asynchronous Advantage
Actor-Critic (A3C) [9] —which we consider a policy-based method, even though
it is sometimes classified in literature as falling between both categories— the
actor oversees policy optimization, while the critic’s role is to estimate the
value function, this is, the expected value for an agent to be in a specific
state. The term asynchronous refers to the fact that the network is composed
of multiple agents that operate individually, interact independently with their
environment, and only share the results every n steps to update the global
network. The reduction of the variance of the bootstrapped return’s estimator
required to obtain the policy gradient achieved with the A3C algorithm
provides great results in a large span of case studies [4, 10, 11]. Hence, the A3C
(Figure 2) is used in this paper due to its strengths for DRL problems that deal
with discrete action spaces and its easy parallelization, which substantially
decreases training times [12]. Please refer to Appendix A for a more detailed

explanation of the algorithm.
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Figure 2: Schematic diagram of an A3C. Each worker trains and evaluates
its network individually. After a given number of steps, the parameters are
shared with the global network, which is updated with the set of parameters
that lead to a better outcome.
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3 Related work

Reinforcement learning agents have traditionally failed to scale to high dimen-
sional spaces (e.g., when observations are images) [13]. Deep reinforcement
learning (DRL) overcomes the memory and computational complexity limita-
tions of RL methods thanks to the function approximation and representation
learning properties inherent to deep neural networks [14]. Convolutional Neural
Networks (CNNs) and Recurrent Neural Networks (RNNs) [15, 16] enable
such a broad feature abstraction level that, in practice, the need for feature
engineering is eliminated.

DRL provides mechanisms for resolving complex robotics issues, including
optimal control policies in high dimensional spaces, the interaction with
dynamic environments, high-level task planning, and advanced manipulation,
among others [17, 18]. Although DRL facilitates solving robotic tasks with
its representation generally based on state-action discretization and Bellman’s
equation approximations [6], there are still several challenges. These hurdles
include under-modeling, which involves failing to achieve an accurate virtual
scenario, and model dynamics, that lead to poor performance in the real
world, the reward design, the goal specification, and the collection of enough
experience to assure an efficient learning [19].

The last issue is of utmost importance in DRL applied to robotics, since
the collection of real experience is often unaffordable due to time and asset
availability constraints. The general solution is to generate synthetic experience
in a virtual setup and then transfer the optimal policies learned to the physical
robot. This sim-to-real approach poses new challenges like how to account for
the differences between the virtual and real environments, which literature has

addressed with several different approaches [20].
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The simplest method, fine-tuning, is slow for complex tasks and there is
no guarantee of success. While fine-tuning is typically applied to the model’s
hyperparameters, Chen et al. [21] propose a method to automatically adjust
the simulated environment to make it look more like the real setup. Relying on
a theoretical demonstration, they introduce Latent Markov Decision Processes
(LMDPs) as a set of MDPs with tunable parameters plus a distribution
function over them. They argue that training an agent in a simulator made
of these LMDPs should lead to an optimal policy that will achieve a good
performance on the real environment, whose dynamics are already included in
one of the MDPs. However, this proposal has two limitations: one is the lack
of a practical implementation; and the other is the aforementioned assumption
about the integration of the “true” MDP on the LMDPs, since it implies having
some knowledge about the environment, something that is not always possible.

Other noteworthy techniques to facilitate the leap between the virtual
and the real are Knowledge Distillation [22], Meta Reinforcement Learning
(MetaRL) [23], Robust Reinforcement Learning [24], and Imitation Learn-
ing [25, 26]. [27] learns two tasks in simulation and then, using policy
distillation, obtains a single policy that can be deployed into the real scenario.
The drawback is that a dataset needs to be created for every virtually-trained
agent, which leads to scalability issues as the number of tasks grows. [28] uses
the MetaRL “learning to learn” idea to train a policy under different dynamic
conditions in a virtual environment, and then tests it in the real setup. The
disadvantage is that learning to learn optimal policies for all the MDPs that
can be defined for a single problem can unnecessarily increase the complexity
of simple tasks.

In transfer learning, Zero-Shot transfer [29] suggests training the model in

a hyper-realistic simulator to enable direct deployment into the real scenario.
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They propose a multi-stage RL strategy where the agent first learns the vision
task using a disengaged environment representation (unsupervised learning),
and then the acting part (reinforcement learning). This way, the trained agent
is able to dissociate the elements from the scenario and deduce the policy
for different environment configurations. Even though the results are quite
favorable, the need of training two models, each of them with a different
learning method, and its associated complexity in terms of data gathering and
tuning are their main drawbacks. Domain Adaptation (DA), which succinctly
translates data from a source domain to a target domain, is normally used
for vision-based tasks like [30], whose approach is applicable to RL problems
with continuous action spaces. However, there is also research surrounding the
application of DA to generalize the policy learned. [31] utilizes synthetic data
and DA to improve the results obtained when the agent is only trained with
domain randomization. The input to its pixel-level DA model is a synthetic
image from the simulator and, subsequently, they adapt the picture to make
it more similar to the real environment. This technique uses Generative
Adversarial Networks (GANs) [32] to adjust the images appearance, which
means that, if the scenario changes, the GAN should be trained again. GANs
are widely used as a DA tool to either adapt images from a virtual environment
to make them resemble the real scenario, or to modify the characteristics of
the environment features [33, 34].

An encouraging method for transferring the knowledge learned in a virtual
environment is presented by Rusu et al. [4] as an extension of their work
on Progressive Neural Networks [35], whose goal was to avoid catastrophic
forgetting in sequences of tasks. Instead of relying on the rendering engine of
the virtual environment or on heavy image processing, [4] suggests that an

agent could be trained in simulation and, through lateral connections between
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layers or blocks of layers, help other networks (named columns), trained in
different virtual or real domains, learn to handle the differences or adapt to
new tasks. In their experiments, the agent’s objective was to reach a certain
point in space with the grippers of a JACO robotic arm, first in simulation and
then in the real domain. The input to the DRL algorithm, an A3C, is a raw
64 x 64 RGB image, and the outputs are the nine discrete joint policies and
the value function. They performed different experiments varying the columns’
network architectures and sizes, achieving 100% success in the real scenario
with a sparse reward configuration and a recurrent neural network.

Due to these promising results, the model described in [4] is the inspi-
rational framework adopted in our work. We kept the A3C as the learning
algorithm, both due to its reliable outcomes obtained in DRL problems
[4, 10, 11] and ease of parallelization, which is essential to speed up training
times [12]. However, since our goal is to minimize the amount of experience
needed for the real column, some modifications were made to our Baseline
Model with respect to the original proposal (Appendix A).

Using this model as reference, we introduced Domain Randomization (DR)
during training to improve the transfer to reality, that is, the robustness
of the PNN approach. DR is a DA technique where training is conducted
in a virtual domain whose attributes can change like they would in a real
scenario. As demonstrated in [5], training models in simulated environments
with enough variability can make the agent agnostic to the workspace. They
trained a modified VGG-16 CNN [36] detector with rendered images generated
with random camera and object poses, and variable lighting conditions and
textures to mimic their physical setup. Without further training or parameter
adjustment, they achieved 1.5 cm accuracy in the real world. [37] proposes a

vision-based model where randomized images from the virtual scenario and
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reality go through a GAN that translates them into a canonical view to
feed the model. More recently, [38] improved model generalization for robotic
manipulators by adding random unrealistic perturbations and implementing
their intervention-based invariant transfer learning method (IBIT).

Finally, [39, 40] suggest methods to evaluate model performance and
robustness during and after training. Considering it a classification problem,
each episode is labeled as a success or failure, depending on whether or not
the goal is reached, respectively. The metrics used to analyze and compare the
trained models are the learning time, average accuracy, and maximum failure

distance in evaluation.

4 Method

This section presents the general details of the research approach followed, the
model design and training details, and the virtual test bench used to perform

the robustness assessment cycles.

4.1 Problem definition
All the experiments presented in this paper were performed in a virtual setup
that consists of an IRB 120 robotic arm by ABB!, a fixed externally-mounted
monocular camera, and a red 0.03 m cubic target the robot must reach within
a maximum number of steps (an episode). The IRB 120 has 6 degrees of
freedom (DoF), a reach of 0.58 m, a payload of 3kg, and an armload of 0.3kg.
Its operating ranges and velocities are shown in Table 1.

The robot’s behavior was simulated in MuJoCo [41] to accurately capture
physics. Since rich visual textures were not considered at this stage of the
research, the virtual environment was rendered using Matplotlib. Figure 3

presents examples of the images captured by the camera. Each of them is a

Yhttps://new.abb.com/products/robotics/industrial-robots/irb-120/irb-120-data
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Table 1: Working range and velocity of the IRB 120 axes.

Axis motion Working range  Velocity

Axis 1 (rotation) 4165 to —165°  250°/s

Axis 2 (arm) +110 to —110°  250°/s
Axis 3 (arm) +70 to —110° 250°/s
Axis 4 (wrist) 1160 to —160°  320°/s
Axis 5 (bend) +120 to —120°  320°/s
Axis 6 (turn) +400 to —400°  420°/s

sample of the observations used to feed the model at every time step. The

initial target and joint locations were randomly chosen.

o 100 200 300 400 500 600 0 100 200 300 400 500 600 0 100 200 300 400 500 600

(2) (b) (c)

Figure 3: Sample input images provided to the model when the external
camera is mounted at (180°, —30°). Initial target (the red cube) and joint
positions are random. Axes indicate pixel coordinates.

4.2 Research approach

Figure 4 summarizes the methodology employed. On the top branch, an
artificial agent that was used as the reference or Baseline Model (BM)
controlled the robot according to the architecture of a regular PNN. Then, a
virtual test bench measured the robustness of the BM to changes in the camera
settings and, finally, the results were structured and analyzed. Subsequently, an
analogous method was followed on the bottom branch to obtain the robustness
results of an improved artificial agent in which the training phase was enriched

by applying DR to the camera location (DR Model (DRM)). For the sake of
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Figure 4: Schematic diagram of the methodology.

simplicity, only the camera pose was used to represent discrepancies between
the virtual and the real worlds, acknowledging that the model is sensitive
enough to changes in this variable. This is supported by Tobin et al. [5].
According to their results, the DR feature that most affects accuracy is the
camera pose. Although our work cannot be directly compared with theirs since
the problem addressed is different, as they already stated, it can be considered
an extension because, besides detecting the target, we also infer the robot’s

pose from the image.

4.3 Model design and training

The agent was trained in episodes. At the beginning of each episode, the target
and robot positions were randomly initialized following a uniform distribution
constrained by the reachable workspace and image limits, which is 15% of the
robot’s operating range (Table 1). An episode ended after 50 steps or if the
distance from the gripper to the target was less than or equal to 5cm. The
discount factor () was set at 0.99 to ensure that the agent would take future
rewards into account. In total, the agent gathered experience from 70 million
steps. Every 50 thousand steps, training was halted to perform 40 evaluation
episodes and compute the average, maximum, and minimum distances from the
gripper to the target location, obtaining the curves to assess the effectiveness

of the training and estimate sample efficiency, among other metrics.



Springer Nature 2021 BTEX template

14 Learning more with the same effort

As aforementioned, the BM was largely designed following the PNN
proposal. However, significant effort was put into studying the effect of the
MDP’s action space and the design of the reward signal to acquire a better
understanding of the drivers of control performance. Although we believe this
part of the work is interesting, we also consider it outside the main scope of
the present paper and, therefore, the details of the BM design, including the
choice of the algorithm hyperparameters, have been relegated to Appendix A.

The camera pose was fixed for the BM during training on both axes:
180° for the z-axis and —30° for the y-axis. This setup provided a close
to optimal perspective of the robot and the target positions, as illustrated
in Figure 3. While the DRM inherited the action space, reward signal, and
hyperparameters of the BM, camera pose variability on both axes was also
included during training. Specifically, the z-axis camera pose varied in the
interval [160°,200°], and the y-axis in [—40°, —20°].

Table 2 summarizes the training parameters of both models. WRLL stands
for Working Range Lower Limit and WRUL for Working Range Upper Limit
(Table 1), where U(z,y) means this parameter was obtained by sampling
a uniform distribution from x to y. To ensure a fair comparison between
models, all parameters were identical except for the randomized variables in

the proposed DR approach (i.e., those corresponding to the camera pose).

4.4 Evaluation: the virtual test bench

After the training phase, control robustness was assessed on a virtual test
bench where almost any parameter can be modified. Using only the virtual
column (i.e., right before including real experience in the lateral connections
and the real columns of the PNN), the agent’s policy was extracted from
the neural network and evaluated against a different virtual model of the

environment, which acted as a surrogate of the real model. This provided a
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Table 2: Training parameters for the Baseline and the DR models.

Model Millions Success Episode initial Episode target Episode Episode
ode of steps distance® position? position® camera z-axis camera y-axis
BM 70 5cm U(+15%WRLL, *~U(0:2,04) em 180° —30°
—15%wRuL) Y~ U(=0,3,0.3) em
DRM 70 5cm U(+15%WRLL, ©~U02.04) em 600 9000y r(—40°, —20°)
_15%WRUL) y ~U(—0,3,0.3) cm

“The success distance is measured from the robot’s gripper to the target position.

*The robot’s initial position is set according to a uniform distribution in which the minimum
and maximum values are respectively 15% larger and 15% smaller than the robot’s lower and
upper working range limits.

“The episode target position is also sampled from uniform distributions, one for the z-coordinate
and the other for the y-coordinate, whose boundaries represent the distance in cm from the base
of the robot.

highly interpretable measurement of the effectiveness of the virtual training
stage.

An episode was considered as successfully completed if the distance between
the gripper and the target was no more than 10cm, twice as long as before,
in the belief that training the agent in more demanding conditions than
those actually required should lead to better performance. To prevent overly
optimistic results, the virtual test bench had a higher variability in the camera
pose than the one used to train the DRM. The rest of the parameters remained
unchanged.

The camera pose swept within the interval [140°,220°] for the z-axis and
[—50°, —10°] for the y-axis with a 5° granularity (Figure 5). The shaded region
represents camera poses that were presented to the DR agent during training
(anchored in the center for the Baseline), only one-third of the evaluation
area. This parameterization let us measure how the agent performed when
it interpolated within its experience and when it was forced to extrapolate.
Figure 6 shows the limit poses of the camera to illustrate the viewpoint changes

along each axis.
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Camera’s z-axis
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Figure 5: 5° granularity grid designed to evaluate the models. The black dot
indicates the camera pose during training for the BM and the grey area the
orientations presented to the DR agent.
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Figure 6: Range of possible camera orientations under evaluation around the
z-axis (a) and y-axis (b). The radius of the sphere r = 2m is constant.

Every camera location was evaluated for 1000 episodes, each with its own
random initial joint and target positions, for a total of 153,000 combinations.
To compare the models, the number of steps required to reach the steady-state
during learning, the cumulative reward, the average accuracy, and the distance

to the target in unsuccessful episodes were all considered (Table 3).

5 Results and discussion
This section presents the results for the BM, followed by those of the DRM. The
same fixed scheme was repeated for both models to enhance understanding.

The experiments were conducted on a PC running Ubuntu 20.04 equipped
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Table 3: Metrics for model comparison.

Number of Cumulative Average Failure
training steps reward? accuracy”? distance®
Steps to reach o S cm between

the steady-state Gi= >, ’7th+1¢+1 S F the gripper
regime k=0 + and the target
%y € [0, 1] = discount rate; k = number of time steps; ¢ = current time step.

®We consider this a classification problem. Episodes are tagged successful (S) if the target is
reached, or failed (F') otherwise.
“Only defined for unsuccessful episodes.

with an Intel Core 19-10900KF processor at 3.70 GHz, 64 GB of DDR4 RAM,
an NVIDIA GeForce RTX 2080 Ti GPU, and a 2 TB M.2 SSD. The algorithms

were programmed in Python 3.8 using PyTorch [42].2

5.1 Baseline Model (BM)

5.1.1 Training

Figure 7 depicts the average reward obtained during the evaluations, inter-
leaved every 50,000 steps in the training phase (Section 4.3). The 70 million
steps took around 14 hours to complete. Once the steady-state regime is
reached in around 35 million steps, the model stops learning. This means that
the robot is incapable of reaching the target with less error. A higher value is
indicative of the robot’s proficiency with the task, but it cannot be guaranteed
until the individual cases are analyzed below. Note that around 40 million
and 60 million steps, the agent seems to explore and exploit a sub-optimal
policy, leading to a temporary decrease in the average reward. Even though the
stability of the models, as well as its convergence, can be guaranteed only in
tabular problems, the empirical results show that there are no relevant issues

regarding the steadiness during training and evaluation.

2The source code is available at: https://gitlab.com/comillas-cic/sim-to-real /pnn-dr.git
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Figure 7: Average rewards obtained during the evaluation breaks interleaved
in the 70 million episode training of the BM. The steady-state regime, with
an average reward of roughly 50, begins at around 35 million steps. Note
that within this period the agent exploited two sub-optimal policies at steps
42 million and 59 million.

5.1.2 Robustness

The outcomes are analyzed using a figure inspired by the orthographic
projection system (Figure 8). The matrix, which corresponds to the floor view,
is a heat map that presents the average accuracy obtained after evaluating the
BM across all combinations of the z- and y-axes. On the graph, the average
accuracy is displayed along the z-axis when the y-axis orientation is set to
—30°. The left plot shows the average accuracy when the z-axis is kept at 180°.

Although the Baseline agent was trained with a static camera at
(180°, —30°), the accuracy remains above 90% for a wider interval: [165°,195°]
on the z-axis and [—35°, —25°] on the y-axis. It even achieves 100% accuracy
on the training viewpoint (i.e., the training curve stalled because the agent
already mastered the task), and on two contiguous spots along the same —30°
height. The maximum failure distance is 48 cm, registered at (140°, —25°) and
at (220°,—50°). Both poses correspond to unfavorable scenarios, where the

camera is visibly below and above the initial y-axis orientation.
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Figure 8: Heat map of the BM evaluation accuracy. The percentage shown
for each camera pose is the average of 1,000 test episodes. The orientations
in bold on the axes correspond to the pose of the camera during training.
The top graph depicts the average accuracy across the z-axis. It represents
the projection of the heat map when it intersects a plane perpendicular to the
y-axis at —30°. The left plot shows the accuracy across the y-axis. It is the
projection of the heat map’s intersection with a plane perpendicular to the z-
axis at 180°. The shade to the sides of the lines corresponds to +1 standard
deviation.

The accuracy around the z-axis is almost symmetrical for all values of y
except at y = 40°, where the accuracy at z € [140°,170°] and z € [190°, 220°]
is clearly different. We believe that this behavior is due to the effect of the
robot’s shadow, which may reduce the contrast between the target and the
floor. The same effect can be observed, albeit with less intensity, on the top
and bottom rows of Figure 8. Apparently, the agent responds better to pictures
taken from the robot’s left side, in which the shadow is behind the relevant

elements in the scene.
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The agent’s behavior is not symmetrical along the y-axis either. The
performance for the worst-case scenarios is considerably better when the
camera is positioned below the robot’s middle plane at —10° than when it
is above it at —50°. Figure 6 suggests that the agent may have struggled to
properly infer the joint positions at —50°, since some links may have been
hidden. However, at —10°, the challenge is to estimate depth because the
camera orientation is nearly parallel to the floor plane. In light of the results, it
seems easier to handle the lack of depth data than with the loss of information

about the joint positions.

5.2 Domain Randomization Model (DRM)

5.2.1 Training

Figure 9 displays the training curve for the DRM. In this case, the steady-
state regime is reached at around 40 million steps, which is consistent with the
non-negligible increment in the problem complexity. The agent exploited more
sub-optimal policies than in the BM, the most outstanding at approximately 50
and 65 million steps. This could be noise introduced by the randomized camera

location. The training time was 15 hours.

5.2.2 Robustness
Owing to the spread experience, the agent maintains accuracy above 90% for
almost all the orientations between z € [155°,210°] and y € [—40°, —25°],
which is a clearly larger range than that obtained in the BM. 100% accuracy
is achieved in 11 poses, most of them at y = —30° and within the interval
z € [165°,200°]. The maximum failure distance is 81 cm at (140°, —10°), one
of the farthest locations from those considered in the training phase.

The average accuracy around the z-axis is more symmetrical than in the
BM, especially in the intermediate y angles. Despite the 20% and 15% accuracy

drop at —45° and —15°, respectively, the agent learned to manage the effect of
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Figure 9: DRM training curve across 70 million steps. The z-axis is the
number of steps, whereas the y-axis is the average value obtained during the
training evaluation interval. Each of the points on the plot is the average
performance achieved. The steady-state regime, with an average reward of
40, begins around 40 million steps. Note that the DR learning curve is more
irregular than the one obtained for the BM, likely due to noise and the
problem’s complexity. In this case, the valleys caused by the sub-optimal
policies are registered at 50 million and 65 million steps.

the shadows quite well. Overall, the results are definitely better. Nonetheless,
it is interesting to point out that the slopes of the projections are basically
parallel.

When the camera pose changes around the y-axis, DRM performance at
—10° decreases compared to the BM, whereas it is higher at —50°. Since the
number of training steps is kept constant, in the DRM the experience samples
are distributed over a wider range. The DR agent sees more different situations,
but each of them less frequently. This could explain why the Baseline agent,
which is exposed to a single camera configuration for the 70 million steps,
manages to cope slightly better with limited depth information. Unlike in the
BM, the lack of symmetry at the extremes of y suggests that, with diverse
enough samples, learning how to deal with hidden joint orientations is simpler
than understanding depth.

To conclude, Figure 11 depicts the difference in DRM percentage points

with respect to the BM in the heat map format. For orientations near
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Figure 10: Heat map of the DRM evaluation accuracy. The percentage shown
for each camera pose is the average of 1,000 test episodes. The orientations
shown to the DR agent in the training phase are highlighted in blue. The
top graph depicts the average accuracy across the z-axis. It represents the
projection of the heat map when it intersects a plane perpendicular to the y-
axis at —30°. The left plot shows accuracy across the y-axis. It is the projection
of the heat map’s intersection with a plane perpendicular to the z-axis at 180°.
The shading on the sides of the lines corresponds to £1 standard deviation.

100

(180°,—30°) there is a tie with close to perfect accuracy. Everywhere else,
the DRM enhances the accuracy outcomes significantly, exceeding 80% in
some scenarios and improving accuracy around 25% on average. The y-axis
projection has an asymmetrical shape due to the decrease in the DRM’s
accuracy at —10° and to the outstanding results achieved at —40°, where
the BM was apparently affected by the robot’s shadow. Hence, it is safe to state

that the DRM outperforms the BM with the same training steps (i.e., with
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Figure 11: Difference between the average accuracy of the DRM with respect
to the BM. The values shown are the average of 1,000 test episodes. On its
axes, the orientations shown to the DR agent are marked in blue and in
bold the single orientation used in the BM. On the top, the increment of
the average accuracy achieved in evaluation across the z-axis is displayed. It
represents the projection of the heat map values when it is intersected by
a plane perpendicular to the y-axis at —30°. On the left, the increment of
the average accuracy achieved in evaluation across the y-axis is depicted. It
represents the projection of the heat map values when this one is intersected
by a plane perpendicular to the z-axis at 180°. The line’s shading corresponds
to £1 standard deviation of the accuracy distribution per orientation pair.
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the same effort), despite being exposed to a more variable and, therefore, more

complex problem.
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6 Conclusion and future work

This paper compares the performance of an artificial agent trained with
domain randomization (DR) with respect to a baseline designed following a
mainstream PNN approach to teach a virtual robotic arm how to reach a
picking area. The inputs are exclusively the images provided by an externally-
mounted camera. The robustness of both models is assessed by changing the
camera orientation along two axes.

The results show that right before being transferred to reality in the sim-to-
real pipeline (i.e., after the virtual training phase), the DR agent is more robust
to moderate changes in the setup than the baseline PNN, at the expense of a
slightly higher computational effort, if any. The conclusion holds even if two
camera angles are changed simultaneously. This finding suggests that applying
DR in the virtual environment should boost the vanilla PNN performance and
reduce the amount of experience required when transferring this knowledge to
the real world, which will never exactly replicate the virtual setup.

Shifting to the physical world leads to a loss of control over the influence
of the environment due to the considerable amount of new visual features
that need to be monitored. Our work’s core analysis and contributions focus
on the part of the model that processes synthetic experience. We believe
that the results are more clearly conveyed when they are not mixed with
the complexities derived from adaptation to the physical setup, such as
the different alternatives to implement the lateral connections of the PNN
framework. Therefore, we leave for future research the quantification of the
reduction of the real experience required to make agents fully operative, and
the point where adding more randomization starts yielding only marginal

benefits.
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Figure A1l: A3C architecture implemented. The input is a 64 x 64 RGB
environment image that goes through two convolutional layers, the first defined
by a 3 x 3 kernel and stride = 4, and the second with a 5 x 5 kernel and
stride = 2. The model block is a fully connected layer with 1152 inputs
and 128 outputs. Finally, a Long-Short Term Memory (LSTM) network with
128 hidden states is applied to better capture the sequence of movements.

Appendix A Design of the Baseline Model
(BM)

The problem tackled in this paper is formulated as a fully observable MDP
with an A3C agent, whose architecture replicates the proposal by Rusu et al. [4]
(Figure Al). The agent’s observation (i.e., the model input) is a 64 x 64
RGB rendered image of the virtual environment. There are seven outputs, six
from the Actor, the policies applied to each joint (i.e., the discrete probability
functions that assign the probability of applying a given option from the action
set to change the joints’ positions) and one for the Critic, which determines the
value of the value-state function. Conversely to [4], the agent commands the
position of the actuators rather than their speed, because this variable can be
more easily controlled in commercial industrial robots. A softmax function is
used to compute the actions’ likelihood. The optimizer employed is RMSProp

with a learning rate of 1 x 10~* and a decay of 0.99.
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To analyze the impact of the action set and the reward on the agent’s
behavior, several combinations of these hyperparameters were designed and
trained (Table Al). The evaluation of each model was carried out running
1000 episodes under ten different seeds using initially 5 cm as reward distance,
and then 10 cm.

The Baseline Model selected for the experiments conducted in this paper
is M1 because the results obtained are on a par with those presented in [4]
in terms of the average accuracy, maximum failure distance, and learning
time. It is characterized by a logarithmic action set that enables the agent
to approach the target faster when it is distant and operate precisely in the
area surrounding the goal. A discontinuous function establishes a negative
reinforcement if the goal is not reached and a positive reinforcement otherwise.

The conclusion from these experiments is that even though action space
discretization can be as granular as desired, simpler spaces lead to better
results. In addition, a logarithmic action space seems to behave better than
a linear approach, which could be explained by the fact that with the same
number of choices, the logarithmic approach provides a better combination of

coarse and fine movements.
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Table A1: MDPs considered to select the Baseline Model. The chosen option
is highlighted in gray.

Model Action space® Positive re\xgard Negative re\yard
per step per step
0
MO +MPI 70 —(2 - dist)?
+MPI/2
0
+MPI . \2
M1 +MPI/10 70 —(2 - dist)
+MPI/100
0 90 if el € [0, 30
+MPI 70 if el € (30, 35] . \2
M2 £MPI/10 50 if el € (35, 40] —(2-dist)
+MPI/100 30 if el € (40, 50]
0 100 if el € [0, 30]
+MPI 50 if el € (30, 35] . \2
H3 +MPI/10 30 if el € (35, 40] —(2 - dist)
+MPI/100 20 if el € (40, 50]
0
+MPI
+MPI/2
M4 +MPI/4 70 —(2 - dist)?
+MPI/16
+MPI/64
+MPI/128
if distance > 1.5*%reward_dist
+(0, MPI, MPI/2, MPI/4) SN2
Hs if distance < 1.5*reward-dist 70 —(2 - dist)
+(0, MPI/10, MPI/50, MPI/100)
if distance > 1.3*reward_dist 90 if el € [0, 30]
6 +(0, MPI, MPI/2, MPI/4) 70 if el € (30, 35] —(2 - dist)?
if distance < 1.3*reward.dist 50 if el € (35, 40]
4(0, MPI/4, MPI/10, MPI/25) 30 if el € (40, 50]

“MPI stands for Maximum Position Increment and reward_dist for rewarding distance.
bel is an abbreviation for episode length.
“dist is the distance between the gripper and the target.
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